Ecology and biodiversity research are underpinned by species richness patterns and their environmental drivers. However, a key topic in this discussion is the accuracy of these patterns which are greatly dependent on species detection probabilities. Due to variations in detection of species, true ecological patterns may be distorted. This is particularly true for subtidal macro-infaunal communities. We tested three hypothesized relationships between marine benthic macrofaunal diversity and depth using species richness per site estimated with a capture-recapture heterogeneity model that accounts for variable detection probabilities. These metrics were based on data from 42 replicated sites across the continental shelf of the Southern Benguela. Average detection probability decreased with greater depth but species richness increased along the same depth gradient. The conflation of these trends in observed diversity data resulted in a positively near-linear depth-diversity relationship, while accounting for variable species detection revealed a much stronger relationship. Ignoring species detection in ecosystems with imperfect detection could therefore distort species richness patterns, which has implications for ecological theory, management and conservation.
Introduction
Spatial biodiversity patterns underpin ecological theory, conservation and management strategies but our understanding of biodiversity patterns is largely based on species richness measures that assume all species to be equally detectable in space (Connell 1978 , Rosenzweig 1995 , Blackburn and Gaston 2003 , Begon et al. 2006 . This assumption of perfect -or at least constant -detection is however violated in many communities including plants (Chen et al. 2013) , insects (Kery and Plattner 2007, Gotelli et al. 2011) , birds (Dorazio et al. 2006 , Kéry et al. 2009 ), mammals (Gu and Swihart 2004) , freshwater fish (Haynes et al. 2013) , reef fish (MacNeill et al. 2008 ) and other marine species (Monk 2014) . Imperfect detection inevitably results in underestimated species richness as those species that are more difficult to detect, such as rare species, will be falsely deemed absent (Dorazio et al. 2006 , Gotelli et al. 2011 . Furthermore, statistical methods that incorporate variable species detection have shown that imperfect detection can mask the importance of environmental factors, overemphasize the impact of management actions (Zipkin et al. 2010) or falsely constrain species distributions (Olea and Mateo-Tomas 2011 , LahozMonfort et al. 2014 , Monk 2014 , Guillera-Arroita 2017 . So far, few species richness studies account for the observation process (Tingley and Beissinger 2013, Woolley et al. 2016) . We examined the consequences of ignoring detection probabilities for a well-documented species-richness gradient.
We consider the relationship between marine benthic macro-infaunal diversity and depth as an example where lack of concord in biodiversity measures between various studies has led to a number of hypothesized biodiversity patterns. Macro-infaunal diversity most consistently relates to water depth as an environmental variable , Bergen et al. 2001 , Escaravage et al. 2009 ); though correlates of water depth, including food availability, oxygen concentration and water movement, are likely responsible for observed diversity patterns (Snelgrove and Butman 1994) . Three main macro-infaunal species richness-depth relationships have been described across continental shelves of different regions (Bergen et al. 2001 , Currie et al. 2009 , Escaravage et al. 2009 , Renaud et al. 2009 ). Hypothesis 1 suggests a unimodal relationship between species richness and depth across the continental shelf with a peak in species richness at the middepths (Bergen et al. 2001 , Renaud et al. 2009 ). Hypothesis 2 proposes a general increase of species richness with depth (Escaravage et al. 2009 ). Hypothesis 3 suggests no relationship between species richness and depth (Currie et al. 2009 ). Thus far, no single pattern has been accepted due mainly to a lack of clarity on 1) the major driving process, since depth has many covariates; and 2) variations in species detection probability. The latter results from major challenges in the observation process including blind sampling methods, difficulty in sampling at greater depths, and variable species detection probabilities due to patchiness and high numbers of rare species (Day et al. 1971 , Field 1971 , Gray 2000 , Gray et al. 2005 . The degree to which the hypothesised depth-diversity patterns are affected by trends in detection probability is not known.
We examine the effect of trends in detection probability on the depth-diversity pattern across a continental shelf. We compared the species richness pattern along a depth gradient across the southern Benguela continental shelf using estimated species richness calculated by a capture-recapture heterogeneity model that accounts for variation in species detectability (Kéry and Schaub 2012b) . We quantified the depth-diversity relationship by testing the three existing depth-diversity hypotheses. Benthic macro-infaunal diversity patterns are poorly known along this coast.
Material and methods

Study area
The west coast of South Africa (Fig. 1) forms the southernmost part of the Benguela Upwelling Region, an eastern boundary upwelling region (Shannon 1985) . It is a physically dynamic system (Chapman and Shannon 1985 , Bally 1987 , Rogers and Bremner 1991 , Penney et al. 2007 , Steffani 2007 subject to upwelling mainly in the summer season between September and April (Shillington et al. 2006 , Jarre et al. 2015 . The decomposition of high primary productivity, resulting from upwelling, leads to frequent hypoxia near the sea floor (Bailey 1991 , Jarre et al. 2015 . In addition, two major rivers deposit sediment onto the west coast continental shelf (Rogers and Bremner 1991) . This dynamic productive region supports large fish, algae and invertebrate biomass (Crawford et al. 1987, Branch and Griffiths 1988) .
Data
For these analyses, we collated macro-infauna species count data and corresponding sediment grain-size data collected mostly during the austral summer between 2007 and 2010 into a single dataset (De Beers Marine unpubl., Atkinson et al. 2011 , Karenyi 2014 ). This dataset is the most comprehensive for unconsolidated sediments of the South African west coast continental shelf, consisting of 427 species from 42 sites (Fig. 1, i .e. 220 samples), stretching from the beach (i.e. 0 m) to the shelf edge (at 412 m depth). A site is denoted as a distinct point on a map with a unique GPS co-ordinate, separated by at least 1 km from all other sites. Samples of standard area (0.2 m 2 ) were collected by beach excavation (6 sites), diver-suction (3 sites at 24-26 m depth) and van Veen grab sampling (33 sites). For a brief description of the Van Veen grab sampler, Supplementary material Appendix 4. The beach samples and diver-suction samples were excavated to 30 cm and 20 cm respectively (i.e. 60 and 40 l), while the grab samples generally excavated sediment to less than 15 cm (i.e.  30 l). Due to the differences in sample volume, the grab samples likely underestimated the true species richness per site more than the beach and suction samples if the observation process was not accounted for.
Sediment grain size was determined by dry sieving according to the Wentworth Scale (Wentworth 1922) . This resulted in percentage weight values for mud, very fine to very course sand, and gravel. Although the methods of grain size analysis were slightly different for the Atkinson et al. (2011) and De Beers Marine (Steffani 2007 ) datasets, they were considered comparable for the purposes of this study (Karenyi et al. 2016b ).
Statistical analyses
We employed a two-step analysis for modelling species richness (Kéry and Royle 2016) in relation to depth as a covariate. First, the species richness was independently estimated at each of the 42 sites using a closed capture-recapture population model (Kéry and Royle 2008) treating species as one would individuals in the Bayesian framework. The model makes use of incidence data from recurrent sampling at a site (Kéry and Schaub 2012a) . The main model assumption is that the system is closed in both time and space. This means 1) that replicates must be collected within a short enough period to ensure that all the species are available for detection for the entire sampling period and that there is no immigration or emigration of species, and 2) replicates must be from a small enough area to ensure that the same community is being sampled. Our data meet these assumptions because replicates at each site were collected within a 2 h period during which the ship was held in position as best as possible. Although some drift was inevitable, the samples were determined to be from the same community (Karenyi 2014) .
Our particular implementation used data augmentation (Royle and Dorazio 2012) . We augmented the observed data with 600 zeros to create a community for each site with a known number of species (M = 1027 species). The true species richness falls somewhere between the number of observed species (N obs ) and the augmented number of species (M) for each site and we checked that data augmentation was sufficiently large not to affect our species richness estimates. The purpose of this method is to estimate how many of the augmented zeros are 'sampling' zeros, i.e. the species are present but not detected at the particular site. In order to determine this, a latent variable that indicates the true state of a particular species based on a binomial distribution (z i ~ Bern(Ω)) is introduced. If z i = 1, the species is present at site i and if z i = 0, the species is absent from the site. In order to determine z i , the basic model of observed data is expanded by incorporating a parameter measuring the probability of inclusion (Ω) of a species in the community. The inclusion probability estimates the proportion of the M species in the community that are estimated to occur at a site. Heterogeneity models assume that each species has an individual probability of detection. This is true because the detection probability of each species will be related to the abundance of that species as well as a number of covariates that are unmeasured, (Kéry and Schaub 2012a) . The heterogeneity of species detection is included in the model as continuous random effects with a normal distribution on the logit scale (Kéry and Royle 2008 ). Since we estimated species richness and detection probabilities for each site, any factor affecting local detection probability (e.g. sampling method) is implicitly accounted for.
We used non-informative priors. We fitted the capturerecapture model to the data from each site separately using Markov Chain Monte Carlo (MCMC) in the JAGS software (Plummer 2003) called from R (R Core Team) via package 'rjags' (Plummer 2013) . We ran three MCMC chains and kept 400 000 samples after discarding the first 50 000 as burn-in. Model convergence was determined for each site using the Rubin-Gelman diagnostic (Brooks and Gelman 1998) .
We estimated species richness as a derived parameter by summing the latent indicators of species presence, z i at each site. Because species richness was a derived parameter, we could not directly model this variable as a function of covariates in a single hierarchical analysis and instead opted for a two-stage approach (Kéry and Royle 2016) .
In a second step, the species richness estimates were used to test the three hypothesised relationships between depth and species richness. To account for the fact that species richness values were estimates rather than directly observed, we conducted this analysis within a formal meta-analysis framework. Based on the posterior distributions of the estimates from our first analysis, we could assume that the species richness estimates follow a normal distribution with mean equal to the true (unobserved) richness and standard error for each estimate equal to the standard deviation calculated from these posterior distributions (McCarthy and Masters 2005) . We used non-informative priors and fitted the models in the JAGS software (MCMC chains = 3, samples kept = 50 000, burn-in = 15 000). Convergence was assessed using the Rubin-Gelman diagnostic and by inspecting the chains. We fitted the three models that corresponded to our main hypotheses. The first model included depth as a linear and quadratic term and represented the unimodal hypothesis (H 1 ) (Bergen et al. 2001 , Renaud et al. 2009 ). The second model included only a linear depth term and represented the positively linear hypothesis (H 2 ) (Escaravage et al. 2009 ). The third model did not include depth and represented the hypothesis that richness was unrelated to depth (H 3 ) (Currie et al. 2009 ). All models included percentage mud and very fine sand as additional covariates because we expected substrate to affect species richness in this region (Sanders 1968 , Gray 1981 , Karakassis and Eleftheriou 1997 , Bergen et al. 2001 , Cosentino and Giacobbe 2008 , Jayaraj et al. 2008 , Post 2008 , Joydas and Damodaran 2009 , Karenyi 2014 . We then used model selection based on the deviance information criterion (DIC) and Watanabe-Akaike information criterion (WAIC, Supplementary material Appendix 3; Watanabe 2010) to assess the relative support the data provided for each of the three depth-diversity relationship hypotheses. In addition, we calculated the Efron's pseudo R 2 (Efron 1978) for each model to determine the proportion of the variance in estimated species richness explained by each model. The R and BUGS code for both analyses are given in Supplementary material Appendix 1 and 2.
By way of comparison with the estimated depth-diversity pattern, we fitted the best generalized linear model (GLM) with log link function and Poisson distribution to the observed species richness (i.e. uncorrected species counts) data offset by the total area sampled summed across the grab samples for each site using function 'glm' in programme R (R Core Team). We assumed a quasi-Poisson distribution due to overdispersion.
Our approach was designed to account for the observation process so that variation in detection probability would not affect the estimated species richness patterns. Even so, out of interest, we further investigated the pattern in detection probability with depth, using Pearson's r to measure correlations between detection probabilities or depth, and mean number of individuals per sample, mean sample volume or mean size of individuals (i.e. g individual -1 ) per sample.
Results
For estimated species richness, the unimodal (H 1 ) and positively linear (H 2 ) models had similar support from the data ( Table 1, DIC and WAIC values) indicating that both a linear and a quadratic trend with depth are equally compatible with our data. However, inspecting the Depth 2 term in the unimodal model (H 1 ), we found that it had a credible interval that overlapped zero (Table 2) , and the two models resulted in similar fitted relationships across the range of our data. For both the unimodal (H 1 ) and positively linear (H 2 ) models, depth and very fine sand positively influenced species richness (Table 2) whereas the mud term had a credible interval that overlapped zero. Median R 2 values for both H 1 and H 2 were also very similar around 0.63. The simpler second model was therefore more parsimonious suggesting that the estimated species richness is close to positively linear with depth (model H 2 , Table 1 ), which is in agreement with the predictions of model H 1 where the quadratic depth term led to a slowing down of the linear trend rather than a peak (Fig. 2a) . The model that excluded depth had less support from the data (Table 1) implying that the sediment type did not explain much of the variation in estimated species richness.
The analysis based on uncorrected observed species richness greatly underestimated the species richness at deeper sites resulting in a much flatter relationship with depth than the estimated species richness (Fig. 2a) . The mean detection probability of species generally decreased with increasing depth (r = -0.525, Fig. 2b ). These detection probabilities were more variable between sites shallower than 150 m but were consistently lower than 0.25 at depths greater than 200 m.
Even though our analysis accounted for variation in detection probabilities, we examined possible causes of the depth gradient in detection probabilities. Detection probability was also correlated to sample volume (Fig. 3 , r = 0.401), with depth and sample volume being strongly correlated as well (Fig. 3 , r = -0.566). The correlations between depth and mean number of individuals or mean biomass per individual per sample were considerably weaker as was the correlation between mean biomass per individual per sample and mean detection probability (r  0.26, Fig. 3) , The correlation between mean number of individuals per sample and mean detection probability was stronger (r = 0.369) most likely as a result of the outliers which consist of shallow sites (beach and inner shelf sites) with high numbers of individuals either due to nutrient enrichment or sampled during recruitment events.
Discussion
Species richness patterns are essential to ecological theory, but measuring species richness can be difficult (Gotelli and Colwell 2001) . Most species richness measures do not disentangle detection of species through sampling from true occurrence of species (Iknayan et al. 2014) . Since imperfect detection is relatively common in biological communities (Gu and Swihart 2004 , Kery and Plattner 2007 , MacNeill et al. 2008 , Gotelli et al. 2011 , Chen et al. 2013 , Haynes et al. 2013 , Monk 2014 , trends in detection probability along environmental gradients that also affect true species richness could compromise our understanding of species richness patterns and their environmental drivers.
We present an example where species detection varied with an environmental variable that is also thought to be a key driver of species richness, i.e. depth across the South African west coast continental shelf. Conflating trends in detection and occurrence in this study led to the weakening of the positively linear depth-diversity relationship across the continental shelf. A further example of such conflation is given by (Tingley and Beissinger 2013) who found that change in species richness over time was distorted due to the improvement of survey methods and efficiency between historical and current bird surveys. Similarly, detection trends in other ecosystems could potentially strengthen, weaken or alter diversity patterns impacting established ecological or macroecological theory (Rosenzweig 1995 , Blackburn and Gaston 2003 , Begon et al. 2006 , Tingley and Beissinger 2013 .
Detection is affected by the efficiency and effectiveness of the sampling method (Zipkin et al. 2010 , Tingley and Beissinger 2013 , Lahoz-Monfort et al. 2014 ). In our case, the grab sampling method remained effective since average size and total number of individuals per sample did not change with depth. Detection, however, seemed to decrease as a result of the efficiency of the sampling equipment evident from the general decrease in sample volume with depth. It is most likely that the grab sampler was less efficient at greater depths due to the larger volume of water through which it travelled to reach the sea floor. Water movement in the form of currents or internal waves may affect the angle and speed at which the grab hits the sea floor resulting in shallower penetration and a lower sample volume. Since macrofauna species arrange themselves at different depths in the sediment Table 2 . Coefficients for the terms in the three models representing the relationship between species richness and depth. Table 1 ), and (b) the mean probability of detection and depth for 42 sites off the South African west coast. Species richness at each site was estimated using a closed population capture-recapture model that allowed for heterogeneity in detection probability among species. Error bars are 95% credible interval. column, shallower penetration of the grab reduces the number of potential species available for sampling even though they may be present (Christie 1975) .
Coefficients
The positively linear depth-diversity relationship on the South African west coast continental shelf, concurred with patterns described for upwelling regions in Europe and Namibia (Sanders 1969 , Escaravage et al. 2009 ). The capture-recapture method used to estimate species richness in this study accounted for the variability in species detectability related to physical or biological factors such as sediment type. Studies elsewhere have suggested that productivity is most likely responsible for the positively linear depthdiversity pattern across the continental shelf (Sanders 1969 , Escaravage et al. 2009 ). The pattern on the South African west coast may result from a combination of productivity and disturbance with depth (Witman et al. 2008 , Escaravage et al. 2009 , Karenyi 2014 . High physical disturbance on the beach and in the surfzone resulted in low species richness (McLachlan et al. 1984 , Karenyi 2014 . Beyond the wave disturbance, at mid-depths, the diversity-productivity relationship may take effect with few opportunistic species exploiting resources that reach the seafloor (Witman et al. 2008) . The excess particulate organic matter decomposes resulting in frequent and, in some areas, sustained hypoxic events (Bailey 1991 , Jarre et al. 2015 limiting diversity (Sanders 1969) in the mid-depths. However beyond these depths the opportunistic species are replaced by larger numbers of species as resource concentrations decrease (Witman et al. 2008 ).
In our approach we estimated the species richness per site (alpha diversity) within the small depth range (0-410 m) of the continental shelf, similar to studies in Europe (Escaravage et al. 2009 , Renaud et al. 2009 ). The capture-recapture method utilizes the variability within a site to estimate species richness. This is useful where replication is available. At the regional scale where gamma diversity is more appropriate for global comparisons (Levin 1992) , a different statistical method may be employed. To estimate species richness at this larger scale, multi-species site occupancy models (MSOMs) may be utilized to determine gamma diversity (Dorazio et al. 2006 , Zipkin et al. 2010 , Iknayan et al. 2014 , Karenyi et al. 2016a . Woolley et al. (2016) utilised MSOMs to investigate latitudinal gradients in species richness of Ophiuroidea in three depth zones (i.e. the continental shelf, upper continental slope and deep-sea) while accounting for variation in detection due to different sampling methods. Our method did not allow for the calculation of beta diversity, another useful measure of diversity (Tuomisto 2010) , however detection error-corrected beta diversity could also be measured using MSOMs. In addition we would recommend that the depth-diversity relationship be investigated across a larger depth range that includes a number of depth zones, for example the continental shelf, continental slope and abyss to better understand the impact of variable detection on species richness across the entire depth gradient.
We would have considerably underestimated the strength of the relationship between species richness and depth had we not accounted for the observation process. Given our results, a possible explanation for why other studies found no relationship between depth and species richness, or a peak at intermediate depth, could simply be because they did not account for the decreasing detection probability with increasing depth. Observing marine biodiversity is difficult and the detection probability is likely affected by some of the same variables (e.g. depth) as the biodiversity patterns we are interested in. Given that important decisions about exploitation of resources such as oil, gas, minerals and demersal fish are being made in marine benthic habitats globally (Gooday et al. 2017 , Pitcher et al. 2017 , we motivate for a better understanding of marine biodiversity patterns. In South Africa for example, the demersal trawl industry operates on the shelf edge (Sink et al. 2012) , which according to this research has the highest biodiversity. Detection-error corrected conservation targets for unconsolidated sediment habitats on the South African west coast continental shelf were also higher than uncorrected targets, especially on the shelf edge (Karenyi et al. 2016a) . Decisions around marine spatial planning for industry and conservation would therefore benefit from more accurate biodiversity information (Sink et al. 2011) . Since observed species richness is likely a better reflection of sampling success (effort and per-effort detection probability) than true species richness in many oceans, we advocate the use of methods that account for detection probability wherever possible.
Incomplete knowledge of biodiversity patterns is a challenge for conservation management even in more easily sampled terrestrial systems (Kéry and Schmid 2004) . Ignoring species detection in ecosystems where detection is imperfect has the potential to distort patterns in species richness and diversity indices (Iknayan et al. 2014 ) and strengthen or weaken differences in comparative studies (Archaux et al. 2012) . This could greatly impact the research focus areas of biodiversity, ecology and macroecology as well as conservation and management decision-making (Zipkin et al. 2010 , Sauer et al. 2013 , Tingley and Beissinger 2013 , LahozMonfort et al. 2014 .
